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Introduction
Gender disparities in Peruvian labor markets are pronounced. There are substantial gaps in participation and employment rates, in occupations, and in hourly wages and monthly earnings.
While there are gender differences in these labor market outcomes, there are also gender disparities in individual characteristics. Males, for instance, tend to have more years of education and longer tenure in higher-paying occupations. The extent to which these differences in observable characteristics account for gaps in labor market outcomes is a longstanding question.
For the gender wage gap, the Blinder-Oaxaca decomposition has been the most popular approach in the labor market literature. it is possible to explore not only the magnitude of the average gender wage gap, but also its distribution.
In this paper, I use the matching methodology in order to understand the distribution of the gender wage gap in Peru. The application of matching, instead of using the traditional Blinder-Oaxaca approach, is expected to be particulary beneficial in Peru due to its high occupational segregation. 3 In addition, informality also plays a role in Peruvian labor markets, since an important fraction of the jobs tend to fail at least one of the formality conditions (formal contract or access to insurance). Formality of the working class affects males and females differently: while 55 percent of males have informal jobs, the analogous figure for females is 65 percent. These gender gaps are also associated with gender differences in observable 2 Blinder (1973) and Oaxaca (1973) . 3 Blau and Ferber (1992) .
characteristics of the working population, such as age and schooling. In turn, this would presumably imply a severe problem of gender differences in the supports of the distributions for these characteristics, an issue that matching can address directly.
Peru is one of the Latin American countries that experienced labor market reforms during the early 1990s. 4 These reforms included dramatic reductions in firing costs, linked to reductions in formality, and a subsequent increase in turnover rates due to shorter durations of both employment and unemployment spells. 5 The theoretical literature has no clear predictions as to how these changes in employment dynamics impact wage differentials. Therefore, I analyze how the gender wage gap evolved during this period. The results suggest a monotonic reduction of gender differences in participation and employment rates; however, they also denote a cyclical evolution of the gender gap in hourly wages. The combined effect of these three factors (participation, employment and hourly wages), measured by the share of monthly labor income generated in the economy by males and females, also shows a monotonic reduction during the 15-year span that I analyze.
Gender Differences in Characteristics and the Gender Wage Gap in Peru: 1986-2000
The data for this study come from two Peruvian national surveys: the National Household When explaining gender differences in earnings, it can be argued that the gender wage gap simply reflects gender differences in some observable characteristics of the individuals that are determinants of wages. To some extent, that is a valid argument, as there are differences in age, education, occupational experience and occupations, among other characteristics. However, these differences only partially explain the wage gap. The purpose of this paper is to measure 4 The two waves of reform occurred in 1991 and 1995. 5 Saavedra (2000) and Saavedra and Torero (2000) .
precisely the extent to which differences in characteristics explain differences in pay. Exploring some descriptive statistics showing these gender differences will elucidate this notion.
In terms of average age, working males are three years older than females. This is in contrast to the Peruvian population as a whole, where the average age for females is slightly higher than for males (due to females' higher life expectancy). The difference in the average age among workers may reflect females' earlier entrance into or earlier retirement from the labor market. Either circumstance is expected to have a negative impact on wages. The former is due to the fact that an early entrance into the labor market may imply fewer years of schooling and the latter because early retirement implies shorter tenure.
There are also significant differences in gender statistics with regard to educational attainment, as demonstrated in Figure 1 . The greatest gender difference is found in the working people's occupational experience, measured as years working in the same occupation (illustrated in Figure 2 ). For the period in consideration, on average, males have between 1.4 and 2.7 more years of occupational experience than females-a difference of between 30 and 50 percent. It should be noted, however, that these gender differences in average years of occupational experience have decreased substantially from 1986-2000. 1986 1987 1989 1990 1991 1992 1993 1994 1995 1996 1997 1998 1999 2000 Regarding the differences in the supports highlighted by the matching methodology, I
Figure 1. Educational Attainment by Gender
find that 30 percent of working females exhibit combinations of age, education, migratory condition 6 and marital status that cannot be matched by any male in the sample. Likewise, 23 percent of working males report combinations of the same individual characteristics (age, education, migratory condition and marital status) that cannot be matched by any female in the sample. This 23 percent of working males report wages that are considerably higher than those reported by the rest of the working males.
As noted, there are gender differences in some observable characteristics that the labor market rewards. However, these gender differences have been narrowing during the period in consideration. The next section will explore the relationship between the characteristics previously shown and the hourly wage, partially explaining the gender wage gap and its evolution. 1 9 8 7 1 9 8 9 1 9 9 0 1 9 9 1 1 9 9 2 1 9 9 3 1 9 9 4 1 9 9 5 1 9 9 6 1 9 9 7 1 9 9 8 1 9 9 9 2 0 0 0
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This figure shows the absolute values (in constant 1994 Soles) of the gender wage gap (represented by the difference between a pair of adjacent columns). Figure 4 shows the gap in relative terms (average hourly wage gap as multiples of average hourly female earnings). 7 It is found that the gender wage gap in hourly wages vacillated around an average value of 0.45 (that is, males earned an average of 45 percent more per hour than females). However, there are significant fluctuations around that average measure.
The measure of the gap that is reported in this section (multiples of average hourly wages for females) is crude data, since it considers all males and females regardless of their differences in observable characteristics, and regardless of whether it is possible to compare them. It is necessary to make the appropriate adjustments to that gap in order to obtain a measure of unexplained differences in average earnings for comparable samples of males and females. That is the purpose of the next sub-section, but before starting that exercise let us explore how these gender differences in average hourly wages vary according to individual characteristics.
Regarding age, once the population has reached 30, the gender wage gap tends to increase, and for people close to retirement, the age gap reaches 128 percent. 1 9 8 7 1 9 8 9 1 9 9 0 1 9 9 1 1 9 9 2 1 9 9 3 1 9 9 4 1 9 9 5 1 9 9 6 1 9 9 7 1 9 9 8 1 9 9 9 2 0 0 0
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7 Note that the variable in which the gender gap is measured in this paper is hourly wage instead of using the logarithm of the hourly wage as is commonplace in the literature. With matching, such transformation is no longer required. 8 It is important to note that this basic computation of average wage gaps for different age groups mixes age effects and cohort effects. It is not the purpose of this paper to disentangle them. The previous tables reveal substantial differences in the distribution of wages and the gender wage gap according to individual characteristics, each analyzed independently. Next, I
will analyze the joint effects of these differences in characteristics on wages, using the matching and decomposition approach.
Explained and Unexplained Components of the Gender Wage Gap
Wage Gap Decomposition. The Matching Approach
Recalling Ñopo (2004) , the wage gap, Δ, can be expressed as:
The average wage difference between males and females can be broken into four components. Three of them can be attributed to gender differences in observable individual characteristics Δ M , Δ X and Δ F and the fourth to the existence of both non-observable gender differences in characteristics that determine wages and gender discrimination in pay ( ) : 0 Δ X Δ is explained by the fact that males and females tend to have individual characteristics that are distributed differently over their common support. For instance, in the Peruvian data sets it is possible to find both males and females with Masters or Ph.D. degrees, but the proportion of females in that category is substantially smaller than the proportion of males. Δ X accounts for the expected decrease in male wages when their individual characteristics follow the distribution of female characteristics.
Δ F is explained by the fact that there are some combinations of female characteristics for which there are no comparable males. For instance, in the Peruvian data sets there are some married females, migrants, with zero or only a few years of schooling and some years of occupational experience, but it is impossible to find males with those combinations of characteristics. Δ F measures the expected increase in wages that the average female will experience assuming all females achieve characteristics that are comparable to those of males.
Δ M exists because some combinations of characteristics that males have, are not shared by females. For instance, in the Peruvian data sets there are males with high levels of education that have been working for more than ten years at managerial occupations, but it is impossible to find females with such characteristics. Δ M measures the expected increase in wages that the average female wages would have, if females achieve those individual characteristics of males that remain unreached by females.
Δ 0 represents that which cannot be explained by these differences in observable characteristics. This can be explained as a combination of discrimination in pay and the existence of gender differences in unobservable characteristics that are related to productivity.
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Delta
While the gender wage gap without controlling for characteristics, , Δ has an average value of 45 percent during the period of analysis, the controlled gap, 0 Δ , teeters around 28 percent. 11 Thus, the mixture between gender differences not considered in the analysis (which may comprise observable and unobservable differences) and discrimination accounts for a 11 As will be shown later in the paper, a 99 percent confidence interval for the average unexplained gender differences in pay ranges from 24.92 percent to 31.13 percent percent.
differential of 28 percent in hourly wages between males and females. These figures correspond to the particular set of variables specified above. This set does not include variables that are typically considered as being determined endogenously in the labor market. Combinations of these variables are considered for the following decompositions. For the decompositions in 0.7 1 9 8 6 1 9 8 7 1 9 8 9 1 9 9 0 1 9 9 1 1 9 9 2 1 9 9 3 1 9 9 4 1 9 9 5 1 9 9 6 1 9 9 7 1 9 9 8 1 9 9 9 1 9 8 7 1 9 8 9 1 9 9 0 1 9 9 1 1 9 9 2 1 9 9 3 1 9 9 4 1 9 9 5 1 9 9 6 1 9 9 7 1 9 9 8 1 9 9 9
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Delta-F Delta-X Delta-M Delta-0 12 A job is considered formal if it satisfies at least one of the following requirements: being in the Public Sector, being registered in the Social Security System, being affiliated with any private retirement plan, or being unionized. Family workers are considered informal workers. 1 9 8 7 1 9 8 9 1 9 9 0 1 9 9 1 1 9 9 2 1 9 9 3 1 9 9 4 1 9 9 5 1 9 9 6 1 9 9 7 1 9 9 8 1 9 9 9 1 9 8 7 1 9 8 9 1 9 9 0 1 9 9 1 1 9 9 2 1 9 9 3 1 9 9 4 1 9 9 5 1 9 9 6 1 9 9 7 1 9 9 8 1 9 9 9
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The average unexplained gender wag gap ( ) 0 Δ after controlling for these endogenous characteristics is around 25 percent, slightly below the average when they are not considered.
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Interestingly, for almost every combination of characteristics I considered in the previous exercises, the controlled gender wage gap shows two peaks: one at the end of the 1980s, during the period of hyperinflation, and another in the middle of the 1990s during the recession that followed the stabilization of 1990-1994. Also, the lower values for the gap are found around 1986 and 1993-years that register significant Peruvian GDP growth.
In analyzing the role that the four delta components play in the decomposition, it is discovered that the components 0 Δ and M Δ explain more than 80 percent of the wage gap during all years for almost all possible combinations of characteristics. As mentioned earlier in this section, both components of the gap may be regarded as noisy discrimination measures or unexplained differences. The first is determined in the labor market, and the second determined outside of the labor market (in the acquisition of such valuable characteristics). While the former is linked to differences in pay, the latter is presumably linked to differences in access to particular combinations of characteristics that are rewarded in the labor market.
Next, I analyze the distribution of the unexplained gender differences in pay that can be obtained from the matching approach. I will compare the distribution of wages for females to the counterfactual distribution of wages for males when they are resampled in order to mimic the distribution of females" characteristics.
Differences in Hourly Wages Between Matched Samples
14
A common critique of the Blinder-Oaxaca decomposition is that it is informative only in reference to the average gaps and not the distribution of these gaps. An alternative has been to use quantile regressions instead of O.L.S., decomposing gender wage gaps at different quantiles of the distribution of the error term of the earnings equations. This approach suffers from the same problem of the gender differences in the supports that the matching methodology addresses.
This sub-section is devoted to the analysis of the distribution of wages for males and females. The object of analysis will be the cumulative distribution functions of hourly wages for the original and matched samples of females and males.
By plotting the cumulative functions, it is possible to verify that not only are average wages for males greater than average wages for females, but also the random variable wages for females is stochastically dominated by the random variable wages for males. The result is the same if the comparison is made between the resampled (by matching) versions of the same random variables. Even after controlling for age, schooling, marital status and migratory condition, there are gender differences in pay that favor males, as seen in Figure 10 . To better visualize these differences in the cumulative functions, Figure 11 shows an extract of Figure 10. 14 The results shown in this sub-section are extracted from Sub-ection 4.2 in Ñopo (2004) . The differences between the matched versions of the cumulative functions of wages for females and males are smaller than the differences originally found in these cumulative functions. The gender differences in wages are reduced after matching. The distribution of hourly wages for matched females hardly differs from the distribution of hourly wages for all females. This is because, by construction of the counterfactual, the re-sampling has been done in order to ensure that the distribution remains unchanged for the common support. The only changes are due to the non-overlapping parts of the support of characteristics for females (and, as it has been shown previously, the Δ F component of the gap is relatively small compared to the other components). For males, the situation is different. The cumulative distribution of hourly wages for all males differs from the distribution of only matched males (with the appropriate reweighting that is required to mimic the empirical distribution of individual characteristics of females), especially at the upper extreme of the distribution.
The previous plot inspires a quantile analysis since at any height (percentile) of the previous two graphs (the horizontal distance between the two cumulative functions obtained after matching) measures the unexplained gender wage gap at that respective percentile. Figure 12 shows these measures. The plot shows that for the first 90 percentiles of the distribution of hourly wages for males and females there are no major differences in hourly wages. The gap is slightly below 0.2 times the average wage for females. The highest differences are found in the top 10 percent of the distributions of hourly wages. At the 99th percentile the gap attains a maximum where the average wage of males is 2.2 times the average wage of females. The plot shows evidence that the gender differences in pay in the bottom percentiles of the distribution do not contribute considerably to the aggregate measure of gender differences in pay, and that the average gender wage gap in Peru is driven by gender differences in pay at the top percentiles of the wage distributions. 
Percentile of Wage Distribution Percentage
The relative gender wage gap by wage percentiles shows a slight U-shape in which the minimum gap, 18 percent, is found among those individuals whose wages are between the 8th and 9th deciles. The maximum is found among the poor.
Confidence Intervals for Average Unexplained Gender Differences in Pay
The analysis of the distribution of unexplained gender differences in pay can also be done through the computation of confidence intervals. The method − δ now becomes the necessary tool. In Table 3 , I report estimators for the mean and the standard error of the unexplained differences in pay by different subgroups of the population. The average unexplained gender wage gap of 28.03 percent has a standard error of 1.89 percent. This translates into a 99 percent confidence interval for the average unexplained differences in pay that ranges from 24.92 percent to 31.13 percent of average female wages.
Concerning migratory condition, there is evidence that the unexplained differences in pay are smaller among migrants than among those who were born in Lima. Regarding marital status, although there is no clear evidence that the average unexplained gender differences in pay between married and single individuals are substantially different, there is more evidence of dispersion of such unexplained differences among the married than among single individuals.
The higher dispersion of unexplained wages could be explained in terms of other variables that are considered endogenous to a model of wage determination in the labor market, such as occupational experience, tenure, hours worked per week and occupation. Higher dispersion in these variables is more likely to be observed among the married than among the single.
Next I report the average and standard deviations for unexplained differences in pay conditional on age and marital status (Figures 14 and 15) . For that purpose I use box-andwhisker plots to report the confidence intervals. The extremes of the whisker correspond to a 99 percent confidence interval for the average unexplained differences in pay while the extremes of the box correspond to a 90 percent confidence interval. The age groups reported here roughly correspond to the deciles of the age distribution of the employed labor force in Lima, Peru. There is no clear pattern for the evolution of the average unexplained differences by age for single individuals. For the married labor force, there is some evidence of an increasing evolution of these unexplained differences over the life-cycle, but that increase is not significant from decile to decile. However, while the unexplained differences in pay are positive for married individuals above the median age (33 years), these differences are not different than zero for those who are younger than the median. The dispersion of such unexplained differences increases over single individuals' life-cycles.
In analyzing unexplained gender differences in pay according to years of schooling there are more issues (Figures 16 and 17) . These unexplained differences are positive and almost constant for individuals with less than a high school diploma (less than 11 years of schooling), especially for single individuals. Also, for single individuals who attended between 4 and 11 years of schooling (which corresponds to 30 percent of the total employed labor force), there is smaller dispersion in the unexplained gender wage gap. Among high school graduates (those who completed 11 years of schooling and represent 35 percent of the total employed labor force), there is less evidence for unexplained gender differences in pay, especially among the married.
The most substantial unexplained differences are found among those individuals who completed more than 11 years of schooling and represent the remaining 30 percent of the employed labor force. First, for the subset who attended one to four more years of schooling after having graduated from high school but who did not graduate from college (that is, those who completed between 12 and 15 years of schooling), I find some evidence for positive unexplained differences in pay among the single but not among the married (noting that the dispersion is higher among the latter group). For individuals who have graduated from college (16 years of schooling), the evidence for a positive average measure of unexplained gender pay differences actually increases, particularly among the married. Finally, the educational group for which I find clear evidence of a positive and substantial unexplained gender wage gap is made up of those individuals who graduated from college and continued studying. For this group the unexplained differences seem to represent more than 50 percent of the average female wage for single females and more than 110 percent for married females. The dispersion of such unexplained differences among that group is also substantially higher than the dispersion found in any other group. 
Has There Been a Decrease in the Gender Wage Gap?
According to the measure reported for unexplained gender differences in pay in the previous section, there is no evidence of a monotonic decrease of such differences. The hourly gender wage gap reached its lowest levels during 1992 and 1999, while it attained peaks during 1989 and 1997, evolving in a way that seems correlated with the cycle of the Peruvian economy. That measure of gender differences does not take into consideration either labor market participation effects or unemployment rates. There are changes in female participation and unemployment rates over the period of analysis, especially after the labor market reforms undertaken during the first half of the 1990s.
While participation rates for males do not change dramatically over the period of analysis, participation rates among females slightly decreased at the beginning of the 1990s and then increased towards the latter half of the decade-a decrease in the differences in participation rates from 28 percent to 21 percent over the entire period. Also, gender differences in unemployment rates decreased. While the male unemployment rate increased from 4 percent to 7 percent during the 15-year span, the female unemployment rate evolved with substantial ups and downs, reporting a slight increase from 8 percent to 9 percent during the whole period. The peaks reported in this evolution of female unemployment rates coincide with peaks in unexplained gender differences in hourly wages (one at the end of the 1980s, another during the stabilization period from 1992-1994 and a third in 1997). These changes are correlated with the cycle of the economy. Higher gender differences in unemployment rates are linked to higher unexplained gender differences in pay. These crude differences in participation and unemployment rates can also be controlled using the same matching procedure: re-sampling the distribution of male individuals in order to mimic the distribution of female characteristics in the entire population. This should not only be applied to the working population reporting positive wages (as was done for the hourly wage gap analysis), but also to the non-working, economically active population. This generates the counterfactual: What participation (unemployment) rates would the male population have if their individual characteristics were distributed in the same way as those of females? The gender differences, if any, in participation (unemployment) rates obtained from the matched sample can be considered as unexplained differences which, as usual, can be regarded as a sign of the existence of both discrimination and unobservable characteristics determining participation (unemployment).
Figures 18 and 19 report the evolution of gender differences in participation and unemployment rates together with the controlled (by matching) versions of such rates for males, considering age, education, marital status and migratory condition as matching variables applied to the whole population. The results suggest that gender differences in age, education, marital status and migratory condition do not explain gender differences in participation or unemployment rates. If anything, the controlled unemployment rates for males are slightly smaller than the crude unemployment rates. There are other determinants of such differences, and discrimination may be one of those, but choice may be as well. This cannot be decided on the basis of the data. 80% 1986 1987 1989 1990 1991 1992 1993 1994 1995 1996 1997 1998 1999 2000 
Figure 18. Participation Rates by Gender
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The fraction of total labor income generated by males shows a monotonic evolution. It falls from 75 percent at the end of the 1980s and the beginning of the 1990s to 61 percent by the end of the 1990s. Furthermore, by separately analyzing this measure by different age groups, there are substantial differences. Among the young, these measures of the difference in the generation of labor income are smaller and, especially from 1998-2000, the measure reveals almost no differences between males and females. Labor income is equally generated by gender among this cohort. Among the older people, however, the fraction of labor income generated by males is higher, showing the same monotonically decreasing pattern in the second half of the 1990s. 1 9 8 7 1 9 8 9 1 9 9 0 1 9 9 1 1 9 9 2 1 9 9 3 1 9 9 4 1 9 9 5 1 9 9 6 1 9 9 7 1 9 9 8 1 9 9 9 2 0 0 0 Year
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As mentioned, this measure is crude in the sense that it does not take into account gender differences in the individual characteristics that determine participation, employment and wages.
Again, the generation of a counterfactual is required in order to answer the question: What fraction of total labor income would be generated by males if their individual characteristics are distributed according to the empirical distribution of the individual characteristics of females?
The same matching algorithm previously applied to understand the differences in participation and unemployment rates can be applied here. Now, the measure that matters for the purpose of this new exercise is the total labor income generated by females and males in the matched sample. The variables considered for this matching exercise -age, education, marital status and migratory condition -are exogenous to the labor market. 80% 1986 1987 1989 1990 1991 1992 1993 1994 1995 1996 1997 1998 1999 There are almost no disparities among the crude gender differences in total labor income and their various controlled versions considering combinations of the variables mentioned above.
That is, these gender differences in total labor income cannot be attributed to gender differences in age, education, marital status and migratory condition. Thus, there are other determinants of such differences in generation of labor income (among which we can consider discrimination).
Moreover, for the last years of our analysis the controlled fraction exceeds the crude fraction. This is explained by an increase in years of education for females that is not accompanied by a corresponding increase in labor income. Females are acquiring more education, but they are obtaining neither more jobs nor higher pay.
Conclusions
By using a matching comparisons approach, this paper raises new findings about gender differences in the Peruvian labor markets. Approximately one out of four workers in Peru exhibit individual characteristics that are not comparable to workers of the opposite sex. This form of gender differentiation in characteristics that the labor market depicts has a clear impact on the wage gap. Males who report observable characteristics that are unmatchable by females exhibit higher wages than the average worker, while females who report unmatchable observable characterisitcs exhibit lower wages than the average worker.
The most interesting finding is the wage gap that subsists after matching males and females with the same observable invidiual characteristics (age, education, marital status and migratory condition). Among comparable males and females the wage gap is approximately 28 percent of female wages. Also, the matching approach allows us to explore the distribution of such average measure. The gender wage gap is not evenly distributed among the working population. It is in the lowest extreme of the distribution of wages where the gender wage gap is the greatest, at approximately 100 percent.
Nonetheless, the same matching approach that is used to understand gender differences in wages is used to explain gender differences in participation and unemployment. The attempt to explain gender differences in participation and unemployment rates in terms of observable variables external to the labor market (age, education, marital status and migratory condition) fails considerably. This is also true for gender differences in the generation of total labor income.
I find more unexplained gender differences in access to the labor market than in pay (conditional on working), although those gender differences in access have been decreasing during the last fifteen years. This lack of explanatory power has two interpretations. It may be that the discriminatory practices according to gender are more severe in hiring and workload than in the determination of hourly pay. Otherwise, it may be that these gender differences in participation are explained by differences in other non-observable individual characteristics (among which we can include preferences or social roles). This introduces an interesting issue for further exploration.
